<]
TUDelft

Delft University of Technology

An OGC SensorThings GIS Pipeline For Estimating Seismic Engineering Demand
Parameters

Schembri, J.; Rafiee, A.; van Oosterom, P.J.M.

DOI
10.5194/isprs-annals-X-G-2025-787-2025

Publication date
2025

Document Version
Final published version

Published in
The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences

Citation (APA)

Schembri, J., Rafiee, A., & van Oosterom, P. J. M. (2025). An OGC SensorThings GIS Pipeline For
Estimating Seismic Engineering Demand Parameters. The International Archives of the Photogrammetry,
Remote Sensing and Spatial Information Sciences, X-G-2025, 787-794. https://doi.org/10.5194/isprs-
annals-X-G-2025-787-2025

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright
Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without the consent
of the author(s) and/or copyright holder(s), unless the work is under an open content license such as Creative Commons.

Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.


https://doi.org/10.5194/isprs-annals-X-G-2025-787-2025
https://doi.org/10.5194/isprs-annals-X-G-2025-787-2025
https://doi.org/10.5194/isprs-annals-X-G-2025-787-2025

ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume X-G-2025
ISPRS Geospatial Week 2025 “Photogrammetry & Remote Sensing for a Better Tomorrow...”, 6—11 April 2025, Dubai, UAE

An OGC SensorThings GIS Pipeline For Estimating Seismic Engineering Demand Parameters

Justin Schembri !, Azarakhsh Rafiee 2, Peter van Oosterom?

Faculty of Architecture and the Built Environment, Delft University of Technology, The Netherlands - j.schembri@tudelft.nl
2 Faculty of Architecture and the Built Environment, Delft University of Technology, The Netherlands

Keywords: Seismic Sensors, Structural Response, OGC SensorThings, Seismic Data Harmonization, Structural-response Predic-
tion Model, Multi-source Seismic Observations

Abstract

Estimating the losses in the immediate aftermath of an earthquake is a key component of seismic response. Seismic rapid-loss
estimates provide first responders with a prediction of where and what to prepare for. Improving the precision of quick loss
estimates requires an estimate of how a buildings in the affected zone may have reacted to an event. Structural response prediction
models are a novel approach to estimating building response from the observed displacement of instrumented buildings. Current
SRPMs are built on relatively small databases but offer potential for expansion. There exists no robust building-specific database
which could facilitate the construction of these models. As a reaction to this gap, this study applies, abstractly and concretely, the
OGC SensorThings data model to building seismograph records. The harmonized records form part of a proposed abstract and
concrete Structural Response Prediction Model to make estimates of building-response on other un-instrumented buildings. The
utility of a abstracted observation data-model and pipeline is shown, with the potential for unifying existing data-sources. The
work shall show that the OGC SensorThings integrates generally well, with some limitations, with the requirements of seismic

observation record keeping.

1. Introduction

Earthquake hazard is a regional risk experienced by societies
located near seismic faults. Estimating the risk posed by strong
ground motion is an ongoing global effort. The key compon-
ents in quantifying seismic risk are 1) hazard, i.e., the intensity
of ground motion that a geological fault could plausibly gen-
erate, 2) the exposure, i.e., the amount, type, and distribution
of buildings exposed to the hazard, and 3) the vulnerability of
those exposed elements to ground motion. Risk assessments
provide decision-making support required for long-term plan-
ning, guiding retrofit and preparation strategies (e.g., Probab-
ilistic Seismic Hazard Assessments, PHSA, e.g., Baker et al.,
2021). Rapid loss estimates, conversely, (e.g., Erdik et al.,
2011) are near real-time post-event assessments of the potential
damage to the built environment and inhabitants. Rapid loss es-
timates are of critical use to first responders, providing insight
into the immediate needs and priorities of response.

Extensive historical observations of earthquake ground motion
intensity (e.g., Peak Ground Acceleration, PGA, units: g), col-
lected by free-field seismic stations, form the baseline datasets
used in quantifying seismic hazard. Ground Motion Prediction
Equations (GMPE, e.g., Boore et al. 2014) are predictive mod-
els, fitted by multi-stage regressions to historical records. Such
models are conditioned by several variables, e.g., event mag-
nitude, soil conditions, and site-to-source distance.

GMPEs estimate the geospatial distribution of ground motion
caused by an event, but they do not explicitly describe the
damage to buildings. The intensity measure (IM) of ground
motion must then be translated to the building’s expected re-
sponse, which correlates with damage levels. A building’s
structural response, or Engineering Demand Parameter (EDP),
to a given level of IM is dependent on several factors, e.g.,
its height and structural properties. Structural response may,
similarly to ground motion, be captured by accelerometers in-

stalled within the building envelope at various levels. There has
been significant effort in forming regional or global networks
of seismograph records (e.g., Archuleta et al., 2006); however,
such networks tend to be geared towards geological aspects
rather than engineering aspects. To our knowledge, there is no
“building-focused” database that could facilitate targeted ana-
lysis of building response and, furthermore, the construction
of structural-response prediction models (SRPM). SRPMs are
a fairly novel (Sun et al., 2022) proposal made by [author’s
name], on whose work we build, which uses historical data
of EDP to fit coefficients and conditioning parameters. Fur-
thermore, immediately following an event, buildings that are
instrumented could provide insight into the accuracy and preci-
sion of the SRPM predictions. The Cross Building Reconstruc-
tion Response model (CBRR) proposed by Sun et al. (2022)
measures the over- and underestimations of EDP observed at
instrumented sites and spatially interpolates (e.g., via kriging)
and assigns it to uninstrumented buildings, thus providing more
accurate EDP predictions and, subsequently, better rapid-loss
estimates.

Thus, a gap exists (e.g., Abdelmalek-Lee et al., 2023) in the
harmonization of fragmented building-response records from
global sources, hindering the construction of robust SRPMs.
Presently, databases are geared toward geological aspects
rather than the specific responses of buildings, underscoring
the need for a structured approach to aggregate and utiliz-
ing building-focused observations in creating the foundational
SRPM. Moreover, once a model is established, observations
from subsequent seismic events must flow into a processing
pipeline, such as the CBRR, to refine rapid-loss estimations.
A standardized approach to data modeling would not only be-
nefit the aggregation of existing data for building more robust
SRPMs but also support the development of CBRR pipeline
tools and software for consistent and open applications. This
paper proposes the OGC SensorThings model as a candidate
for such harmonization, as described below.
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Firstly, both the baseline SRPM and the rapid-loss CBRR con-
sist of components that depend heavily on geospatial data, of-
ten derived from geo-sources that may already comply with
OGC standards. Standardizing SRPMs using historical data
and applying the model after an event can therefore be facil-
itated by OGC-compliant formats, providing greater interop-
erability and accessibility. SensorThings, as a neutral, light-
weight format focused on geospatial and IoT integration, aligns
well with these goals. While seismic data generally contains
extensive metadata, SRPMs primarily need only a few essen-
tial features—specifically, the maximum EDP experienced by a
building. Thus, the raw observational data remains the remit of
a seismological network, while the mapping of key processed
data relevant to the SRPM and CBRR can be passed to Sensor-
Things. Additionally, the IoT-centric design of SensorThings
aligns well with the rapid-loss estimation processes, which re-
quire fast, automated processing.

In this study, we address the need for a standardized, building-
focused approach to handling structural response data for earth-
quake risk assessment. We propose an abstract interface de-
signed to ingest, transform, and map building-response obser-
vations and metadata into the OGC SensorThings framework.
Additionally, we outline an abstract processing pipeline for
leveraging these SensorThings objects to generate rapid estim-
ates of EDP following seismic events and support real-time ap-
plication in the CBRR framework. This standardization enables
the geospatial SRPM and CBRR simulation pipeline to predict
the structural responses for uninstrumented buildings after an
earthquake. The study is organized as follows: Section 2 de-
tails the approach for mapping observations to the OGC Sensor-
Things Data Model. Section 3 describes the prediction pipeline,
illustrating how the abstraction of observation inputs and model
components can enhance the methodology. Section 4 provides
the concrete implementation of these proposals, with results and
discussion presented in Section 5. Conclusions are presented in
Section 6.

2. Building Response Mapping to SensorThings

Processed building accelerometer records may consist, broadly,
of three components: 1) station data, 2) event data, and 3) wave-
form measurements. Station data provides information about
the sensor’s location and specifics (e.g. sampling rate), while
event data includes details such as the event magnitude. Fi-
nally, the waveform measurements are corrected observations
themselves.

While processed seismological records have no universally ac-
cepted domain model and encoding formats such as SEED
(Ringler and Evans, 2015), SAC (Seismic Analysis Code, Helf-
frich et al., 2013), and ASDF (Adaptable Seismic Data Format,
Krischer et al., 2016) are prevalent, and SEED is considered
a de facto standard in some cases. Some formats are region-
agnostic, while others were developed by regional seismolo-
gical networks such as the COSMOS V1.2 (Archuleta et al.,
2006). Some formats use binary encoding (e.g., SEED and
ASDF), while others are human-readable ASCII formats (e.g.,
SAC, COSMOS V1.2). Some records separate station and event
metadata from the waveform data, while others do not. The
content across standards is, of course, relatively similar, and
metadata tends to be extensive; the COSMOS V1.2 format al-
lows for up to 100 lines of headers.

SensorThings, by contrast, is a relatively lightweight and neut-
ral information-model. The application of generic models to

domain specific records has potential drawbacks such as granu-
larity loss, where multiple metadata elements which were sep-
arate in the original records are lumped together into a vague
model attribute such as ”properties”. However, since the SRPM
as introduced earlier does not require extensive metadata, we
deem such losses acceptable.

The SensorThings schema consists of eight entities: Data-
stream, Thing, Location, Historical Location, Sensor, Ob-
servedProperty, Observation, and FeatureOfInterest (Liang et
al., 2024). Applying the schema to the real world (see Figure 2)
instrumentation setups results in the following descriptive map-
ping: A building (Location) comprises multiple levels (Things)
observed by one or more instruments (Sensors), each having
multiple channels (Datastreams) observing acceleration or dis-
placement (ObservedProperty), generating a waveform (Obser-
vations) for a given event (FeatureOfInterest). After review-
ing the data in the standards described earlier, the following
sub-categorization was established: 1) Event Data, 2) Loca-
tion Data, 3) Record Information, 4) Sensor Metadata, 5) Sta-
tion Data, 6) Waveform Observations. Some examples of data
or metadata for each category included earthquake magnitude
and depth (event data), record IDs, processing dates, and sta-
tion numbers (record information), geographic coordinates of
the station and sensor locations within the building (location
data), and sample rate (sensor metadata).

A further granular examination of the data and metadata in the
standards was used to construct a generic mapping protocol
(seismic records to SensorThings) as tabulated in Table 1 and
shown in Figure 1.

Seismograph Header SensorThings Entity
Earthquake trigger time Datastream.
phenomenonTime
Earthquake name / reference FeatureOfInterest.
name
ATl other event-specific inform- | FeatureOfInterest.
ation properties
Station or building name Location.
name
Station or building coordinates Location.
location
Instrument location Thing.
name
Station number or ID Sensor.
name
Non-metadata information Sensor.
properties
All record information Datastream.
properties
Sensor metadata Sensor.
metadata
Observation units ObservedProperty
Observations result time Observation

Table 1. Mapping Event, Location, Station, Record, and Sensor
Data to SensorThings schema.

3. Generic Building Response Models

Observations mapped to SensorThings can support two key pro-
cesses. The first involves leveraging historical observations to
construct an SRPM by fitting a regression model. While bey-
ond this study’s scope, harmonization through SensorThings,
as discussed earlier, could facilitate the expansion of data used
in such a regression. The second, within-scope pipeline in-
volves using SensorThings observations, and existing GMPE:s,
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Figure 2. Relationship between real-world instrumentation set
up and SensorThings schema. Fixed width text are the
equivalent SensorThings entities.

SRPMs, and CBRRs to make predictions of EDP for uninstru-
mented buildings. This pipeline begins with the estimation of
IM following an event. IM is given by, for example, Peak Spec-
tral Acceleration (PSA, in units of g), and its intensity decays
over distance. The IM function, Fy, is calculated by a GMPE
whose functional form is represented as:

InY =Fy + Fp + Fs + € (D

Where Fjs, Fp and Fs are conditioning functions of event
magnitude, event path (approximately distance) and site ground
conditions. ed are normalized model residuals.

Next, the IM is transformed to an EDP, such as Peak Floor Ac-
celeration (PFA, units, g) through the SRPM, whose functional
form Sun et al. (2022) is given by

0..* +historicalLocations

0. +historicalLocations

-

+featureOfinterest

«CodeList»
ValueCode

FeatureOfinterest Event

+ name / ref

+name: CharacterString
p .

g
+encodingType: ValueCode
+feature: Any
+properties: JSON_Object[0..1]

+ other

In(Zi;) = Fyv,ij + Fu,ij + Fria; + 5W5 2)

Where, for event ¢ and site j, In(Z;;) is the EDP, Z, in natural
log units, Fyj, Fuj, and Fr;; are functions dependent on
the IM, Y, a building’s height H, and its fundamental period
T, respectively. The fundamental period (units: seconds) is a
property of a building describing its vibrational characteristics
and correlates with its height and structure type. In the above
equation, W Z is the difference between the SRPM prediction
and the observed value for event i at site j. Observed values
of EDP are collected via instrumentation for a small subset of
buildings. The SRPM residuals, § Wf , are passed to the CBRR,
which spatially interpolates the residual via the geostatistical
kriging technique.

We build upon the work of Sun et al. (2022) by developing
an abstract Python-based GIS pipeline that can reliably make
rapid predictions of EDPs by using post-event records from in-
strumented buildings. The GIS pipeline proposed follows the
Object-Oriented Programming paradigm (Wegner, 2003), thus
components of the pipeline are described as classes” or ~ob-
jects,” which have properties referred to as “attributes.” Classes
described in this section should be considered abstract base
classes (ABCs), which enforce a number of internal functions
(i.e., methods) and attributes, which any concrete implementa-
tion must adhere to.

Firstly, a GMPE ABC shall be responsible for calculating the
IM (V") at a given site i for a given building fundamental period.
Several GMPE models have been developed. These possess
common attributes as those described in (1), namely magnitude,
distance to the site of interest from the event, and the period at
which to estimate the IM. Magnitude is a property of the event,
while the period is a property of a building, and the distance
between them requires coordinates of both event and building.
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Thus, the GMPE ABC must be provided with two classes, one
representing the event and the other a building.

The representation of an event is achieved through a Seis-
micEvent base class. To satisfy the GMPE components, a Seis-
micEvent object must include a magnitude and epi- or hypo-
center coordinates. Additional information about the event,
such as depth, or fault type, can be provided. Some GMPEs
require such additional information, but not universally; thus,
other available parameters may be passed as optional keyword
arguments to a SeismicEvent object.

The next object required by the GMPE is a Building ABC,
which must, at a minimum, include coordinates and the fun-
damental period. The fundamental period may be estimated at
varying levels of detail. In urban-level assessments, it is of-
ten calculated using simplified methodologies, which typically
require only basic building features, such as overall height and
structural system. Thus, if the fundamental period of a Building
is not known, a function for calculating it can be provided, and
the properties required by the function (such as height) can be
stored in an attribute containing the building’s SeismicProper-
ties. Having satisfied the GMPE’s requirements with the event
and building classes, three additional ABCs are required for
each of the functional terms, namely the EventTerm, PathTerm,
and SiteTerm. These terms need only handle the arithmetic of
each functional term.

With these foundational components established, the SRPM
ABC then becomes responsible for calculating the EDP (Z2).
SRPMs are substantially more novel in comparison to GMPEs,
and the formulation in (2) is, to our knowledge, the only avail-
able model. This formulation requires only building height
and fundamental period, which it may inherit from the GMPE
class. Thus, the SRPM needs only to implement a method to
handle arithmetic. Future SRPMs may incorporate more than
just building height and fundamental period. However, since
the SRPM is building-centric, any additional parameters may
be passed to the Building class’ SeismicProperties container. It
is unlikely that a formulation of an SRPM would not include
IM, height, or fundamental period, as these are known to heav-
ily correlate with EDP.

Once the SRPM generates EDP estimations for all sites, these
outputs serve as essential inputs to the CBRR, which incor-
porates residuals based on observed EDP values. As out-
lined previously, SensorThings provides a standardized map-
ping regime for such observations. Therefore, the CBRR
ABC will draw from both SRPM results and SensorThings
objects corresponding to instrumented buildings. Key com-
ponents from SensorThings include the building’s coordinates
(Location.location) and observed EDP values. When max-
imum EDP values are included in the metadata, they can be ac-
cessed through Datastream.properties; alternatively, they
may be obtained by directly processing Observations. The
CBRR implements a kriging process tailored to the data distri-
bution, enabling accurate rapid-loss estimates for unmonitored
structures.

Thus, the full pipeline, modelled in Figure 3 consisting of the
the central GMPE, SRPM and CBRR classes executes the fol-
lowing processes:

e Calculate the IM for instrumented and un-instrumented
buildings, using the GMPE,

e Calculate the median EDP for instrumented and un-
instrumented buildings, using the SRPM,

e Normalize the observation records,

e Query the SensorThings object, extract the observed EDP
at instrumented sites,

e Spatially interpolate the residuals at unmonitored sites,

e Add the residuals to the un-instrumented median predic-
tions, return the total predicted EDP

ref: str SRPM (ABC)
coordinates: None
None Ly calculate_PFA -> float SeismicEvent
- : float
1 1 hypocenter: "Coordinates"
I 1.% e
1 | -" | properties: kwargs
1.%
SeismicProperties
period: int | float | None GMPE (ABC) None
period_function: coefficients_table: ]
1 Path [
None
calculate_IM(self)
-> float
e
FunctionalTerm (ABC) EventTerm (ABC) SiteTerm (ABC)
None None None
calculate(self) -> float | | calculate(self) -> float | | calculate(self) -> float

Figure 3. UML diagram showing relationship between Building,
SeismicEvent, GMPE, its terms and the SRPM.

4. Case Study Implementation

A case study was developed using the widely used GMPE,
BSSA13 (Boore et al. 2014). Additionally, implementations
of the SRPM and CBRR from Sun et al. (2022) were util-
ized, which were fitted to historical building response records
from the CSMED database (California Geological Survey and
U.S. Geological Survey, 2005) for buildings in California. The
CSMED records were also used in this case study.

The case study’s source code, developed in the Python pro-
gramming language, is openly available at https://github.
com/justinschembri/isprs. The case study involved the
following: 1) mapping the observation records to the Sensor-
Things Model, 2) implementing concrete classes for the GMPE,
SRPM, and CBRR, and 3) wrapping the process in a Pre-
dictor class that makes estimates of expected EDP for unknown
buildings. We demonstrate the predictive functionality of the
pipeline by generating EDPs for buildings in a past earthquake
that occurred in California.

CSMED to SensorThings

The CSMED database provides response records in the COS-
MOS V1.2 format, at free-field stations and buildings. Records
were downloaded for building stations ranging from 1984 to
2018. Each building’s record contains a series of ASCII files,
divided on a channel-by-channel basis (e.g., CHANO001.V2,
CHANO002.V2, etc.). These channels correspond to an instru-
ment at a given floor (e.g., Ist floor), and its direction (e.g.,
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up, horizontal). Metadata for each record is spread over 45
lines. A single line generally contains multiple metadata items,
with each constrained by its column position. Following the
metadata, the observations are given as equally spaced float rep-
resentations:

-.0001292 -.0001311 -.0001336 -.0001400 -.0001640

The COSMOS V1.2 schema provides the locations of metadata
in specific lines and columns. For ASCII-based text parsing, it
was efficient to represent the provided details in JSON format,
following the protocol in Section 2. The JSON provides line
and column numbers for each metadata point, as well as its
equivalent SensorThings mapping:

"lines": [
{
"line": 4,
"column_start": 41,
"column_end": 80,
"short_description": eq_origin_time,
"long_description": "Earthquake Origin
Time (GMT)",
"sensorThings_mapping:
"FeatureOfInterest.name"

1,

A LineParser class was developed to leverage JSON data to
split, parse, and normalize directories of observations into
SensorThings objects. This approach aligns with the original
goal of expanding the database upon which the SRPM is built,
which allows for a more comprehensive dataset. Furthermore,
additional mapping and LineParser classes could be developed
to handle multiple data formats, normalizing and mapping data
from various databases to the common SensorThings model.
The LineParser class returns a Dict of SensorThings objects:

# truncated for brevity
(Datastream.phenomenonTime,
(datetime.datetime(
2007, 10, 31, 3, 4, 52,
tzinfo=<UTC>),
L)
),

(Thing.name, 1st Floor: Near Center)

The header metadata, in this particular case, includes enough
information (the building’s height and coordinates), to allow
SensorThings objects to be passed directly to the Building in-
stantiator. A Building also requires SeismicProperties. Since
the period of the instrumented buildings is not part of the
metadata, a function based on ASCE 7-10 (Equation 12.8-7,
American Society of Civil Engineers, 2010) is provided to the
instantiator. The function estimates the fundamental period of a
building given its height and structural-system. The building’s
structural system was not part of the record metadata and was
passed separately. Header metadata did, conveniently, include
the peak EDP experienced by each channel. The highest value
across a given record set was taken as the observed EDP, stored
as a SensorThings object.

BSSA13 GMPE

The BSSA13 GMPE follows the functional form in (1) and is
represented as

InY = Fg(M, mech)
+ Fp(RyB, M, region)
+ Fs(Vsso, Rys, M, region, z1) 3)

Where Y is the median intensity measure; Fg is the event term
dependent on M, magnitude, and mech, fault type; Fp is the
path term dependent on R ;g distance, magnitude and region
and F’s is the site term dependent on Vs3o, shear wave velocity
in the upper 30m of soil at the site and Ryp, M, region and a
constant. The three functional terms include coefficients which
are period dependent, i.e., the value of the coefficient is depend-
ent on the building’s fundamental period: The event term, for
example, is given as:

Fp =[c1 + c2[M — Myeg] In(R/Ryey)
+ (C3 + AC3)(R — R'ref) “4)

Where c1, c2, Mres, Rres, c3, Acs are period dependent model
coefficients; M is magnitude, and R is derived from the dis-
tance Ryp.

A concrete BSSA13GMPE class and its functional terms
(BSSA13PathTerm, BSSA13EventTerm, BSSA13SiteTerm)
was implemented (src/gmpe/bssal3.py) through inheritance
from the GMPE and FunctionalTerm ABCs. Each Function-
alTerm subclass, implemented a calculate method to handle
the functional terms’ arithmetic and calls a coefficient lookup
helper function. The required dependent variables, M and
mech are inherited from the SeismicEvent, fundamental period
from the Building, while R ;p was inferred from SeismicEvent
and Building coordinate attributes.

A BSSA13GMPE instance is capable of calculating IM values
across a continuous range of periods, Tj;, at a site j for event ¢
(Figure 4). When passed a building, the discrete value of IM is
produced which is used in the SRPM later.

10% 4
L

o--—-0-

1071

rd
‘o’/

: T
102 1071 10° 101
Period (s)

Figure 4. IM, Peak Spectral Acceleration (PSA) for a given
range of periods return by the GMPE class for sites within 1km
of event hypocenter.
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SRPM and CBRR Implementation

The SRPM developed by Sun et al. (2022), is given as

In(Z;;) = C1 + Co <1n(§uT1)ij + 77E‘,i)

H. 2
+ CS(MZ - Mref) In ( J )
Href

+ Ca(M; — Mig)In (3) W2 (5)
Tref

Where Z;; is the EDP, Cy, C2, C3, Myey, Hyey and Tey are
model constants; the median IM, (S,71):; at a given period T
is the output calculated by BSSA13GMPE. calculate(); ng,; is
the event term (approximately average difference between ob-
served and predicted IM); M; is the event magnitude, H; is the
building height, 77 is the building period.

A concrete SunSRPM class was implemented by inherit-
ing from the SRPM ABC. This class includes a calcu-
late_median_pfa method that returns the median EDP predic-
tion. The method utilizes the Event and Building classes,
along with the intensity measure (IM) inherited and cal-
culated from the GMPE object, specifically through the
BSSA13GMPE. calculate () method.

The CBRR is a class which extends the SRPM to predict the
EDP for un-instrumented buildings. It achieves this by spa-
tially interpolating the prediction residuals, W;7 derived from
known sites. The interpolation is done through the geostatist-
ical method of kriging. Kriging assumes that the closer an un-
instrumented building is to an instrumented site with known re-
sidual, the more likely they are to have similar residuals. The
residual at site j for event ¢ may be calculated as the differ-
ence between the observed EDP from the SensorThings object
against the median EDP prediction produced by the SRPM

0ij = Zij — Zij (6)

Where 4;; is the residual at site ¢ for event j, Z;; is the predicted
value from the SRPM and Z;; is the maximum EDP from the
SensorThings object.

The CBRR implementation takes three objects, a list of mon-
itored buildings, a list containing their respective residuals
and a list of unmonitored predictions. The class imple-
ments a kriging algorithm and returns a list of residuals for
the unmonitored sites. The individual components described
in this section are all wrapped by the CBBRPredictor class
(see src/predictors.py). The CBBRPredictor implements
a predict() method which consists of the the following
pipeline:

1. Map the observations in observations_path to Sensor-
Things objects

2. Generate an internal list of instrumented Building objects
from the SensorThings objects, and additional_metadata,
if passed

3. Calculate the IM at instrumented and un-instrumented
sites using the passed GMPE

4. Calculate the median EDP prediction using the passed
SRPM,

5. Calculate the residuals at instrumented sites

=

Perform kriging to calculate residuals at un-instrumented
sites

~

Add calculated residuals to the median EDP prediction
8. Return EDP prediction for all sites

9. Output as geodata

5. Results and Discussion

The pipeline was used to simulate the earthquake that occurred
in 2007 at Alum Rock, California, near the city of San Jose.
Geodata for buildings within a 30 km radius of the earthquake
epicenter was sourced from OpenStreetMap. Only those build-
ings for which the source contained height data, approxim-
ately 305,000, were used in the simulation. The structural ty-
pology of the buildings was not available in the dataset and
was assigned randomly to each building. Enhancing the pre-
diction quality could be achieved through a more detailed as-
sessment, which would involve assigning structure types based
on additional data sources, although this falls outside the scope
of the current work. The soil conditions, V' Ssg, required for
the simulation was sourced from the U.S. Geological Survey
(Thompson, 2018).

The CSMED records for this event included 41 instrumented
buildings, five of which were within the 30 km study zone. The
epicenter, magnitude, and fault type required by the model were
obtained from the same database. The GMPE component of the
predictor produced a shake-map of ground motion (PGA), as
well as an estimate the IM experienced by each building at its
specific period. We observe a maximum PGA of approximately
0.421g, exhibiting the expected strength decay conditioned by
distance to the epicenter (see Figure 5a).

The SRPM, processed the IM estimations and made predictions
of the median PFA for all buildings in the dataset, including
those monitored buildings. The residuals at known sites were
stored as an attribute of the CBRRPredictorClass. In the con-
text of rapid loss estimates, the GMPE event-term, ng ; in (5) is
not initially known and thus assumed to be zero. The event term
may be added to the model as more information becomes avail-
able. The SRPM, partly due to the absence of this term made
predictions which tended to generally underestimate (median
residual, 5 = —0.184, see Figure 6) the EDP values, but still
suggests a linear prediction trend.

The CBRR fit a semivariogram based on the instrumented
buildings and interpolated them geospatially using kriging (see
Figure 5b). As a validation step, the 41 instrumented buildings
were divided into approximately equal training and testing sets.
The CBRR predictions of residuals (see Figure 7) is generally
well-performing.

The concluding step of the pipeline adds the median predicted
EDP from the SRPM and the spatially interpolated residuals
from the CBRR, producing a “corrected” EDP prediction as
shown in Figure Sc. The maximum PFA experienced by any
building is around 0.22g. The distribution of PFA is typically
log-normal (Figure 5d), with a mean of around 0.069g, this is
up from the 0.057g median PFA predicted by the SRPM alone.
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Figure 6. Observed EDP, InZ against SRPM median predictions
for monitored buildings.

The heat map reveals significant residual hot spots around
known sites. In this case study, it was not feasible to com-
partmentalize the residuals based on other building character-
istics such as height or structural type. The SRPM developed
by Sun et al. (2022) similarly did not pursue such compartment-
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Figure 7. Observed residuals § against predicted residuals.

alization due to the initial database’s relatively small size. To
address this limitation, this study proposes adopting the OGC
SensorThings model as a standardized data framework to fa-
cilitate the development of a more robust SRPM informed by
larger, global building databases. The SensorThings model is
lightweight and versatile, making it well-suited for integrating
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diverse datasets and enhancing the overall predictive capability
of the SRPM. By expanding our repository to include a broader
range of buildings, we can significantly improve the accuracy
and applicability of seismic response predictions.

It is important to note that the GMPE component of the model
may need regional adjustments, should the database be expan-
ded to include global buildings. The proposed abstraction of the
GMPE class, and indeed the entire pipeline, facilitates replace-
ment of any of the integral components of the SRPM. It there-
fore becomes possible to conceive of larger global building-
response database, an extended SRPM and with regionally con-
ditioned GMPEs adjusting the model as required.

Finally there exists the potential to extend the concept whereby
residuals are interpolated geospatially and thus enhancing or
(correcting) predictions made by models for multiple hazards,
such as over-heating or flood risk. For such a system interop-
erability becomes crucial, and we propose that OGC standards
and SensorThings a suitable candidate.

6. Conclusions and Future Work

In this study, we presented an abstract building-response
pipeline that leverages sensor readings, building properties, and
ground motion prediction equations to estimate engineering de-
mand parameters (EDP) for buildings. The readings from in-
strumented buildings served as benchmarks, allowing us to in-
terpolate the differences between predicted and observed values
geospatially using kriging. By harmonizing sensor data with
the OGC SensorThings model, we envision compiling a larger
global database of building-response data. This abstraction not
only facilitates the integration of diverse datasets but also en-
hances the potential of our pipeline to develop more sophist-
icated models. With SensorThings as a common framework,
the scope for extending this technique increases significantly,
allowing for improved numerical methods in assessing the ex-
pected EDPs that buildings may experience during hazard scen-
arios.

While this work successfully demonstrated the core function-
ality of the pipeline, it was limited by the use of only one data
source. Expanding to additional data sources may introduce un-
foreseen incompatibilities; however, this challenge presents an
opportunity for further refinement and development. Addition-
ally, the interpolation procedure used was relatively simplified,
lacking subdivision of residuals by building type or height. Fu-
ture work will focus on broadening the implementation to pro-
cess larger datasets and developing an SRPM based on a more
comprehensive database. Integrating and comparing our predic-
tions with those generated by other numerical methods will also
be a key aspect of this future research, thereby enhancing the
robustness and applicability of our findings. Furthermore, there
is also scope for incorporating the SRPM within Urban Digital
Twins (UDTs). By embedding a building-response pipeline into
a UDT framework, seismic hazard assessments can be continu-
ously updated with real-time sensor data, improving the accur-
acy of rapid-loss estimates and long-term resilience planning.
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